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A B S T R A C T

We present a multi-GPU implementation of the physics-based 2D urban flood model (H12) utilising MPI- 
OpenACC, demonstrating significant reductions in runtime for high-resolution, city-scale, and large-basin sim
ulations. Applied to grids ranging from 1 to 20 m across two basins (downtown Portland, Oregon, USA; 
downstream Han River, South Korea), the multi-GPU configuration achieved a speedup of approximately 710 ×
over a serial baseline and approximately 30 × over a 144 core CPU-hybrid run. This advancement renders metre- 
scale, city-wide scenarios and extensive domains computationally feasible. Our findings provide practical 
guidance for determining optimal GPU counts based on workload per device; while exact thresholds vary with 
problem size (spatial coverage and resolution) and system interconnect, the underlying principle aids in aligning 
domains with available accelerators. The directive-based MPI-OpenACC design maintains a unified code base 
across CPU and GPU execution, thereby supporting portability and operational use.

1. Introduction

Effective urban flood management necessitates predictive detail at 
the street level, as hydrodynamic models must resolve flow pathways at 
the metre-scale, which are influenced by kerbs, road camber, and 
building footprints, to identify hazards and facilitate actions such as 
traffic routing, temporary road closures, and pump operations (Fewtrell 
et al., 2011; Schubert and Sanders, 2012). Recent research has advanced 
city-scale, high-resolution urban flood modelling towards operational 
nowcasting; however, these simulations remain computationally inten
sive and time-sensitive, thereby necessitating the use of graphics pro
cessing units (GPUs) and other high-performance computing (HPC) 
strategies (Xu et al., 2015; Cea and Costabile, 2022; Ming et al., 2025).

Historically, flood models at both city-scale and basin-scale have 
been parallelised on CPUs through domain decomposition utilising MPI 
and, in certain instances, OpenMP. While this methodology is scalable 
on clusters, it frequently results in sub-linear efficiency due to increasing 
communication overhead (Noh et al., 2018; Chen et al., 2025). Over the 
past decade, numerous research groups have transitioned computa
tionally intensive shallow-water kernels to GPUs, reporting significant 

speedups across dam-break, riverine, coastal, and urban environments. 
This includes both single- and multi-GPU implementations such as 
SW2D-GPU, TRITON, and other integrated frameworks (Carlotto et al., 
2021; Morales-Hernández et al., 2021; Buttinger-Kreuzhuber et al., 
2022; Rautenbach et al., 2022; Zhang et al., 2025). Recent advance
ments include applications at city-scale and basin-scale, as well as het
erogeneous CPU–GPU strategies designed for operational deployment. 
Furthermore, evidence of multi-GPU parallelisation and scaling on both 
structured and unstructured meshes continues to accumulate 
(Morales-Hernández et al., 2021; Xue et al., 2024; Dong et al., 2025a; 
Zhang et al., 2025).

Two primary methodologies are employed for GPU enablement. 
CUDA offers low-level control and well-established tools. However, it 
restricts the code base to a single vendor and often necessitates signifi
cant refactoring, which can complicate maintenance across heteroge
neous systems (Hou et al., 2020; Carlotto et al., 2021; Xie et al., 2025). In 
contrast, directive-based OpenACC maintains a single source and facil
itates both CPU-only and GPU-accelerated builds through compiler op
tions, thereby enhancing portability and long-term maintainability 
while still supporting multi-GPU execution via MPI with CUDA-aware 
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communication (Saleem and Norman, 2024). Beyond flood modelling, 
directive-based acceleration has gained prominence in computational 
fluid dynamics and eco-hydraulics, highlighting its broader applicability 
(Xue et al., 2024; Yang et al., 2025). Similar MPI-OpenACC multi-GPU 
implementations have also been reported in structured heat-transfer and 
fluid solvers, where communication-computation overlap and scalabil
ity across multiple devices have been evaluated (Xu and Li, 2023, 2024).

Despite these advancements, significant gaps persist in the domain of 
urban flood modelling. Existing GPU-focused studies frequently high
light results from single-device implementations or predominantly 
report multi-GPU scaling in non-urban contexts. Within the references 
compiled here, GPU acceleration is indeed represented in urban appli
cations; however, explicit multi-GPU results for urban inundation are 
comparatively scarce, and directive-based OpenACC implementations 
for multi-GPU urban flood modelling are particularly underrepresented. 
OpenACC efforts tend to focus on general shallow-water flows rather 
than urban testbeds (Morales Hernández et al., 2021; Buttinger Kreuz
huber et al., 2022; Saleem and Norman, 2024; Zhang et al., 2025). 
Furthermore, there is a paucity of practical guidance on selecting 
appropriate GPU device counts across varying city-scale domains and 
resolutions, which underscores the need to synthesise 
workload-per-GPU considerations from systematic experiments (Dong 
et al., 2025b).

This study presents a portable, directive-based, multi-GPU imple
mentation of the H12 2D urban flood model utilising MPI and OpenACC 
and assesses its performance and scalability across two distinct domains. 
The framework is applied to a pluvial, metre-resolution urban scenario 
in downtown Portland, USA, and a large-domain case in the downstream 
Han River basin, South Korea, where both fluvial and pluvial influences 
may coexist (Noh et al., 2018; Lee et al., 2025). We quantify runtime 
scaling in relation to device counts and problem sizes, and provide 
synthesised guidance on workload-per-GPU for practical configuration.

The remainder of this paper is organised as follows. Section 2 de
scribes the H12 urban flood model and the MPI–OpenACC multi-GPU 
acceleration framework. Section 3 presents the study areas, datasets, 
and experimental setup. Section 4 reports simulation results, runtime 
benchmarking, and scaling analyses across resolutions and device 
counts. Finally, Section 5 concludes the study and outlines potential 
directions for future work.

2. Methodology

This section describes the urban flood model employed, the devel
opment of a multi-GPU-accelerated hybrid parallel code, and the eval
uation metrics for computational benchmark.

2.1. H12 urban flood model

The H12 urban flood model is a fully coupled framework that in
tegrates a 2D surface flow model with a 1D sewer network model. To 
advance understanding of urban flooding, H12 has been applied and 
extended to various regions in several previous studies (Lee et al., 2016, 
2025; Noh et al., 2018; Choi et al., 2025). Leveraging a hybrid parallel 
computing strategy that combines MPI and OpenMP, H12 achieves 
accelerated 2D surface flow simulations, enabling efficient 
high-resolution modelling (Noh et al., 2018). The GPU-based hybrid 
parallel code developed in this study targets the 2D surface flow 
component of H12. Although sewer surcharge and inlet capacity are 
important drivers of urban inundation, this study focuses on the 2D 
surface component to isolate GPU performance characteristics. The 2D 
urban flood model used in this study is governed by equations (1)–(3). 
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h is water depth, H is water level, u, v are x, y directional velocity, 
M (= uh),N (= vh) are x, y directional flow flux, re is effective rainfall 
and perturbed by noise. The considered runoff rate is in the range of 0.5 
to 1.0. qex represents the drainage discharge per unit area from the 
ground surface into the drain channel. In this study, qex are considered 
zero because only the 2D surface flow component is targeted as stated 
earlier. g is gravity acceleration, rcsur is Manning's roughness coefficient 
for the urban surface. The two-dimensional shallow water equations are 
computed using a finite difference method (FDM) formulated on a 
staggered grid system. For temporal discretization, a leap-frog integra
tion scheme is employed to achieve second-order accuracy in time. The 
advection terms are represented by a first-order upwind approximation, 
while central differencing is utilised to evaluate pressure gradients. 
Numerical stability is maintained by adapting the time step according to 
the Courant-Friedrichs-Lewy (CFL) criterion. To manage wet-dry tran
sitions, cells where the water depth (h) becomes less than 0.0001 m are 
assigned zero velocity and depth, thereby excluding them from the 
active computation. A more detailed description of the H12 model can 
be found in previous studies (Lee et al., 2016, 2025; Noh et al., 2018). 
Settings for the runoff coefficients, Manning roughness, and CFL control 
for CPU-GPU parallel benchmark runs are provided in Supplementary 
S1. The computational domain is represented as a structured rectangular 
grid for each MPI subdomain and stored as 1D arrays in memory. 
Irregular basin boundaries are handled using a mask field that distin
guishes cells. All flux and continuity updates are performed only on 
active cells through conditional checks within the computational loops. 
This structured-grid layout simplifies halo exchange and supports effi
cient memory access on GPUs.

2.2. Multi-GPU acceleration with MPI and OpenACC

In the development of a GPU-accelerated version of the code, we 
implemented a design utilising MPI and OpenACC, allowing the same 
source code to be compiled for either CPU-only or GPU-accelerated 
execution. The MPI domain decomposition of the 2D surface grid was 
preserved, with each rank managing a contiguous subdomain and 
exchanging halo cells with neighboring ranks through non-blocking 
point-to-point communication. A 1D slab decomposition was adopted 
rather than a 2D block partitioning. This choice maintains a simple and 
regular subdomain structure that aligns well with the array-based 
implementation of the solver and limits each rank to communication 
with only two neighboring ranks, thereby simplifying halo exchange. 
Although 2D partitioning can reduce the surface-to-volume ratio at very 
large process counts, the GPU configurations evaluated in this study did 
not require the additional communication complexity. In the tested 
configurations (up to eight GPUs), kernel execution dominated runtime 
and the simpler two-neighbor communication pattern of the 1D slab 
decomposition provided a favourable balance between scalability and 
implementation complexity. The CPU-only configuration employs 
OpenMP threads within each rank, while the GPU configuration offloads 
compute-intensive loops to NVIDIA devices via OpenACC, maintaining 
the MPI layer unchanged. The data layout follows a Structure of Arrays 
design. Each state variable (e.g., water depth, velocity components, and 
fluxes) is stored in an independent array. This arrangement is well suited 
to stencil-based finite-difference updates and supports efficient memory 
access on GPUs. Halo regions are exchanged explicitly using non- 
blocking MPI point-to-point communication. Interior stencil updates 
are executed on the GPU via OpenACC parallel loop directives, while 
halo synchronisation is completed before boundary cell updates. State 
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arrays are accessed by device kernels through unified memory. Unified 
memory was adopted primarily for portability and code maintainability 
rather than necessity. To enhance GPU efficiency, we introduced two 
practical features. Firstly, a brief GPU warm-up phase executes inex
pensive operations to initialise the device context, thereby mitigating 

first-step latency. Secondly, a straightforward load allocation step as
sesses the number of surface cells and GPUs, distributing subdomains to 
ensure each device receives an approximately equal workload. This 
balanced distribution improved device utilisation across runs. Fig. 1a 
illustrates the surface domain divided into slabs assigned to MPI ranks, 

Fig. 1. Schematic diagram of the MPI–OpenACC implementation for 2D surface flow computation: (a) 1D slab domain decomposition with ghost and effective cells 
exchanged between neighboring MPI ranks; (b) CPU–GPU execution workflow showing OpenACC parallel loop offloading of interior stencil updates and host-side 
coordination of halo exchange.
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with each rank offloading compute-intensive loops to a GPU via Open
ACC. At subdomain interfaces, neighboring ranks exchange halo values 
using non-blocking point-to-point communication. Ghost cells receive 
updated boundary states from adjacent ranks, and effective cells are 
advanced by device kernels. This configuration overlaps communication 
with interior computation, facilitating scalable execution on multiple 
GPUs. While MPI-OpenACC multi-GPU implementations have been re
ported in both engineering solvers and selected flood-modelling appli
cations, the present work emphasises performance portability within an 
existing operational hydrological framework and evaluates scalability 
across heterogeneous basin configurations and multiple spatial resolu
tions. This focus on workload-per-GPU synthesis under realistic urban 
modelling conditions distinguishes the present study from prior imple
mentations. Fig. 1b illustrates the hybrid execution workflow. Interior 
stencil loops are offloaded to the GPU using OpenACC parallel loop di
rectives, while the host coordinates time stepping and MPI halo ex
change between neighboring ranks. This structure enables the overlap of 
device computation with inter-rank communication.

Fig. 2a presents the profiling data from NVIDIA Nsight Systems for a 
GPU execution on a Tesla V100 PCIe board equipped with 32 GB of 
memory. Nsight Systems captures kernel timelines and memory activity. 
In our GPU-accelerated program, device kernels constitute approxi
mately 78.7% of the runtime, while unified memory activity accounts 
for about 21.3%. The kernel time is predominantly occupied by 
flux_43_gpu at 36.3%, which advances the momentum equations on 
surface grids, and suisin_52_gpu at 27.5%, which advances the conti
nuity equation on surface grids. Subsequent auxiliary updates include 
mdvel_27_gpu at 14.7%, mdvel_157_gpu at 10.2%, mdvel_119_gpu at 
5.8%, and the time loop driver forward_20_gpu at 5.5%. The memory 

section reveals 59.9% host-to-device transfers and 40.1% device-to-host 
transfers. Fig. 2b outlines the module flow in the GPU-accelerated 2D 
urban flood model and the relative runtime of each module within the 
time loop. State arrays are primarily accessed by device kernels during 
the time loop. Momentum and continuity kernels update interior cells, 
while non-blocking MPI exchanges halo values to facilitate the overlap 
of communication and computation. Unified memory migrates accessed 
pages between host and device as needed. Because halo exchange is 
performed on the host, page migration may occur during boundary 
synchronisation. The unified memory activity observed in profiling 
therefore reflects page-level migration associated with halo exchange 
rather than explicit full-domain copies at every time step.

2.3. Evaluation metrics

Speedup (S) is computed as the ratio of the serial runtime (Tserial) to 
the parallel runtime (Tparallel) for all runs. 

S=
Tserial

Tparallel
(5) 

Efficiency for the CPU-hybrid (ECPU) is computed as speedup divided 
by the number of CPU cores (Ncore). Efficiency for the GPU hybrid (EGPU) 
is normalised to the 2 GPU case so that the 2 GPU configuration (S2 GPU) 
is 1 and the 4 GPU configuration (SG GPU) reflects scaling relative to that 
baseline. This definition represents a relative scaling metric referenced 
to the 2 GPU configuration and is distinct from the conventional scaling 
efficiency based on ideal linear speedup from a single-device baseline. G 
is GPU counts, CPU and GPU efficiency is computed as 

Fig. 2. Profiling and module runtimes for the MPI and GPU hybrid urban flood model: (a) Nsight Systems kernel timeline on a Tesla V100; (b) model workflow with 
relative time shares.
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ECPU =
S

Ncore
(6) 

EGPU =
SG GPU/S2 GPU

G/2
(7) 

3. Study area and experimental setup

To assess applicability across contrasting settings, we applied the 
model to two study basins. The Portland basin in United States, basin 
was chosen to represent pluvial-only conditions, while the downstream 
Han River basin in South Korea was selected to represent concurrent 
pluvial and fluvial flooding.

3.1. Downtown Portland

The study area selected for simulating pluvial urban flooding is 
located in the western portion of downtown Portland, Oregon, USA, as 
depicted in Fig. 3. This basin is situated on the west bank of the Will
amette River within the western Willamette Basin. The mean annual 
precipitation is approximately 930 mm (Lee et al., 2025). The Portland 
basin is relatively small, encompassing 9.0 km2, with a gentle topog
raphy and a total elevation difference of only 57 m. The area's diverse 
topography and intricate urban structure, combined with a variety of 
land-cover types, render it an appropriate testbed for assessing urban 
inundation models. In this study, we employed the 100-year design 
rainfall for Portland as specified in NOAA Atlas 2(see https://www.wea 
ther.gov/owp/hdsc_noaa_atlas2). The analysis considers only 2D surface 
runoff, with storm-sewer networks not explicitly modelled. A 1 m res
olution digital elevation model, derived from LiDAR data obtained via 
the National Oceanic and Atmospheric Administration Data Access 
Viewer, was utilised. To incorporate urban structural features, building 
heights were added to the base DEM to create a digital surface model. 
Building footprints with height attributes were sourced from Portland 
Maps Open Data (see https://gis-pdx.opendata.arcgis.com/), which 
provides open geospatial layers for the city. As only buildings were 
included, artificial structures such as bridges were excluded from the 
digital surface model. For the land cover used to assign runoff co
efficients, we utilised the metre-scale urban land cover dataset from the 
United States Environmental Protection Agency's EnviroAtlas (Pickard 
et al., 2015). Of the eight mapped classes, including water, impervious 

surfaces, and wetlands, four are present in the study basin: water, 
impervious surfaces, soil and barren or non-productive land, and trees 
and forest. Runoff coefficients for each land cover class were based on 
prior research (Lee et al., 2025). The land cover fractions are 65.6% 
impervious surfaces, 31.0% vegetation and bare land, and 3.3% water 
bodies, indicating a high degree of urban imperviousness. Consequently, 
basin response times are brief, runoff peaks develop rapidly, and con
tributions from river inflow are comparatively minor.

3.2. Downstream Han River basin

The study area encompasses the downstream Han River basin in 
South Korea, selected to exemplify the confluence of pluvial and riverine 
flooding (Fig. 4). This basin extends from the downstream reach of the 
dam to the Han River estuary, covering an area of 2386 km2. It includes 
the entire Seoul Metropolitan Area, Incheon Metropolitan City, and 
portions of Gyeonggi Province. As of early 2025, Seoul's population is 
approximately 9.60 million, while Incheon has about 3.03 million res
idents. Even without considering the entirety of Gyeonggi Province, 
these two cities alone suggest a potentially affected population 
exceeding 12.6 million, and the inclusion of the Gyeonggi portion 
significantly increases this figure. The Han River main stem, traversing 
this basin, is one of South Korea's four major rivers and receives inflow 
from numerous tributaries, including the Jungnangcheon, Tancheon, 
Hongjecheon, and Anyangcheon streams. This study focuses solely on 
2D surface runoff, with storm sewer networks not explicitly modelled.

To construct the Digital Elevation Model (DEM), 1 m digital eleva
tion data from the National Geographic Information Institute of Korea 
were compiled and resampled to 10, 20 m. River cross sections from the 
Han River SWMM dataset were extracted as geospatial features and 
incorporated into the DEM to create a hydrologically conditioned sur
face representing channel geometry. For the Han River estuary, where 
NGII data were unavailable due to security reasons, the Shuttle Radar 
Topography Mission Global 30 m product was utilised, resampled to 10, 
20 m, and cross sections were linearly interpolated prior to integration. 
To represent urban drainage, it was assumed that the storm sewer 
network conveys flows up to its design capacity without restriction, and 
surface inundation was simulated only for excess rainfall beyond that 
capacity. Runoff coefficients necessary for the runoff simulation were 
assigned based on land cover class. The land cover map was produced by 

Fig. 3. 1 m spatial resolution DSM of Portland area. Fig. 4. 20 m spatial resolution DEM of Han River downstream area.

B. Kim et al.                                                                                                                                                                                                                                     Environmental Modelling and Software 200 (2026) 106957 

5 

https://www.weather.gov/owp/hdsc_noaa_atlas2
https://www.weather.gov/owp/hdsc_noaa_atlas2
https://gis-pdx.opendata.arcgis.com/


reclassifying the Korean Ministry of Environment's 5 m, 22-class mid- 
level land cover dataset into the four classes used in the model: build
ings, roads, water, and other areas.

Land cover fractions are 32.7% impervious surfaces, 63.1% vegeta
tion and bare land, and 4.2% water bodies, indicating the predominance 
of vegetated and bare surfaces. The basin's scale and relief facilitate the 
simultaneous influence of intense rainfall-generated overland flow and 
stage variations transmitted from upstream river reaches.

3.3. Benchmark experimental setup

To verify the model, it was applied to two basins with distinct spatial 
coverage and hydrological characteristics. The downtown Portland 
basin in the United States exemplifies pluvial-only conditions, whereas 
the downstream Han River basin in South Korea represents conditions 
where rainfall-runoff and upstream river inflow can occur simulta
neously. A summary of physical characteristics, land cover, and grid 
configuration is provided in Table 1. The Portland basin is characterized 
as an urban environment with high imperviousness and low relief, 
dominated by pluvial processes, while the Han River basin encompasses 
a large area with higher relief and a significant river influence.

Table 2 summarises the key simulation settings for both basins, 
including simulation duration, forcing type, rainfall temporal resolu
tion, grid resolutions tested, and boundary inflow conditions. The 
computational grid was customised for each basin's specific re
quirements. For the Portland basin, resolutions of 1, 2, and 4 m were 
employed to capture fine-scale urban topography. In contrast, for the 
Han River basin, resolutions of 10 and 20 m were utilised to accom
modate the extensive spatial coverage. This selection of spatial scale and 
resolution was intended to rigorously test the proposed MPI-GPU hybrid 
solver under varying computational demands. All tests utilised the same 
input data, source code, and numerical settings, with variations only in 
the CPU/GPU configuration.

In the downtown Portland basin application, a 100-year return- 
period rainfall event was simulated for a duration of 6 h, generated as 
a 5 min interval time-series hyetograph. For the large-domain down
stream Han River basin application, which represents concurrent pluvial 
and fluvial forcing, a 500-year design rainfall event was simulated for 
24 h. The spatial rainfall field was prepared at a 50 m resolution using 
regional frequency analysis and the Thiessen polygon method. To 
represent riverine overflow, initial conditions were established by 
applying a constant boundary inflow equivalent to the 500-year 
discharge of 41,532 m3/s over a spin-up period, with the 24 h simula
tion proceeding with the same inflow maintained as a boundary con
dition throughout. For the Han River basin, a DEM was used instead of a 
DSM, so building heights are not embedded in the grid. Post-simulation, 
the depth field was processed with building footprints from the National 
Geographic Information Institute of Korea to ensure inundation follows 

the digital surface of the built environment.
Benchmark tests were conducted as 1 h simulations for each basin 

under varying computational resource configurations. The benchmarks 
encompassed three scenarios: a serial execution on a single CPU core, a 
CPU-hybrid configuration utilising MPI and OpenMP, and a GPU-hybrid 
configuration employing MPI and OpenACC on GPUs. All three sce
narios yielded identical inundation results, with the concordance be
tween the CPU-hybrid and GPU-hybrid configurations for the Portland 
basin illustrated in Fig. S2. Numerical consistency was assessed using L1, 
L2 and L∞ norms over wet cells at each output time, and for the cases 
compared the depth fields matched to three decimal places (0.001 m) on 
the common grid. While GPU architectures often achieve higher 
throughput with single precision, double precision was retained in this 
study to maintain consistency with existing H12 applications. To 
benchmark rainfall, the 100-year event for Portland was used, while for 
the downstream Han River basin, an hourly intensity of 150 mm/h was 
set, surpassing the 500-year intensity for Seoul of 125.11 mm/h. This 
selection reflects the severe event on August 8, 2022, when Mokdong in 
Seoul recorded 141.5 mm/h.

The GPU-based simulations were executed on a GPU-only node at the 
Korea Institute of Science and Technology Information. The system 
employed was an HPE Cray XD670 equipped with eight NVIDIA H200 
GPUs, each providing a theoretical peak memory bandwidth of 
approximately 4.8 TB/s via HBM3e memory. The GPUs are inter
connected through NVLink within the HGX baseboard to enable high- 
bandwidth GPU-to-GPU communication. The associated host processor 
was an Intel Xeon Emerald Rapids with 48 cores using DDR5 memory 
architecture. Given that this machine was exclusively GPU-based, CPU- 
only experiments were conducted on a separate system. The CPU-only 
configuration consisted of five nodes, each equipped with two Intel 
Xeon Gold 6248R processors, providing 48 cores per node. A link to 
sample runtime benchmark results for both basins is provided in the 
Data Availability section. The CPU-hybrid configuration was compiled 
using the Intel MPI Fortran compiler with -O2 optimisation and OpenMP 
enabled. The GPU-hybrid configuration was compiled using the NVIDIA 
HPC SDK with OpenACC enabled, targeting compute capability 9.0 with 
unified memory support. MPI communication employed a CUDA-aware 
implementation.

4. Results

In this section we apply and evaluate the proposed framework across 
two basins with contrasting characteristics.

4.1. Portland city-scale basin case

We applied the multi-GPU framework to the Portland basin for a 100- 
year, 6 h design storm at 1 m resolution (Fig. 5). Inundation expands 
through hours 3, 4 and then recedes, with deeper water along waterfront 
margins, broad streets, and enclosed yards where local gradients limit 
drainage. Inundation patterns align with the digital surface model: 

Table 1 
Summary of basin characteristics.

Study area Portland basin Downstream Han River 
basin

Elevation difference 57 m 840 m

Land 
cover

Impervious areas 65.6% 32.7%
Vegetation & bare 
land

31.0% 63.1%

Water body 3.3% 4.2%
Area 9.0 km2 2386 km2

Spatial resolution (m) 1, 2, 4 10, 20
No. of grid 1 m: 

9,009,045 
2 m: 
2,252,235 
4 m: 
1,000,988

10 m: 23,855,776 
20 m: 5,972,792

Table 2 
Summary of simulation configurations for benchmark cases.

Item Portland basin Downstream Han River basin

Simulation periods 6 h (full simulation) 
1 h (benchmark runs)

24 h (full simulation) 
1 h (benchmark runs)

Flooding type Pluvial only Pluvial + fluvial
Temporal resolution of 

rainfall forcings
5 min 1 h

Grid resolutions tested 1 m, 2 m, 4 m 10 m, 20 m
Boundary inflow 

setting
No upstream inflow 
imposed

Constant inflow equivalent to 
500-year discharge (41,532 m3/ 
s)

Downstream boundary 
condition

No downstream 
boundary imposed

Constant water level set to 7.4 m
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building blocks steer overland routing along road corridors and between 
structures, while small depressions act as temporary storage. By hour 4 
the areal extent begins to contract as surface storage drains and shallow 
ponding diminish. The complete 1 m hourly sequence is shown in 
Fig. S3. Model validation and the analysis of urban flood results across 
spatial resolutions were discussed in Lee et al. (2025).

In evaluating performance, we conducted benchmark tests with in
dependent 1 h runs at resolutions of 1, 2, and 4 m (Fig. 6; Table 3). The 
CPU-hybrid configuration utilised 144 cores (3 nodes × 8 MPI ranks × 6 
OpenMP threads). Across all resolutions, the GPU-hybrid configuration 
demonstrated superior performance compared to the CPU-hybrid. At a 
resolution of 1 m (9,009,045 cells), the optimal runtime was 105.3 s on 
four GPUs, representing a speedup of 407.8 times compared to the serial 
baseline (42,943.1 s) and 13.5 times faster than the 144-core CPU- 

hybrid (1424.4 s). At 2 m (2,252,235 cells), two GPUs achieved a run
time of 47.5 s, resulting in a speedup of 207.8 times over the serial 
configuration and 8.5 times over the CPU-hybrid. At 4 m (1,000,988 
cells), two GPUs achieved a runtime of 23.4 s, equating to a speedup of 
112.0 times over the serial configuration and 6.5 times over the CPU- 
hybrid. As illustrated in Table 3, the scaling trend is influenced by the 
workload per device. For the 1 m grid, the runtime decreased from 
137.5 s on two GPUs to 105.3 s on four GPUs (a reduction of approxi
mately 24 percent) but increased to 114.9 s on eight GPUs as halo ex
changes and data movement began to counteract the added 
computational capacity. For the 2 and 4 m grids, two GPUs provided the 
fastest runtimes; adding more devices increased the runtime because 
communication and synchronisation costs became dominant when the 
workload per device was reduced. On this hardware–model 

Fig. 5. Hourly inundation maps for the Portland basin under the 100-year, 6 h event at 1 m resolution. Panels show 2-4 h with enlarged views; the color scale 
indicates water depth (0-1 m). The full 1 m hourly sequence (1-6 h) is provided in Fig. S3. (For interpretation of the references to color in this figure legend, the 
reader is referred to the Web version of this article.)

Fig. 6. Runtime and speedup for the Portland benchmarks at 1, 2, and 4 m resolutions. Bars show wall-clock runtime; markers show speedup relative to the serial 
baseline. The CPU-hybrid uses N3M8omp6 (3 nodes × 8 MPI ranks × 6 threads = 144 cores). For each resolution, the GPU-hybrid bar reflects the best runtime across 
tested device counts (4 GPUs at 1 m; 2 GPUs at 2 m and 4 m). Exact values are listed in Table 3.
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combination, optimal scaling is achieved when each GPU processes 
approximately 1 to 2.5 million surface cells. When the workload falls 
below approximately 0.6 million cells per GPU, efficiency declines, and 
additional devices do not reduce the time to solution. This behavior is 
consistent with previous GPU studies in environmental modelling, 
which report declining efficiency at high device counts as communica
tion and synchronisation costs increase relative to computation (Morales 
Hernández et al., 2021; Saleem and Norman, 2024; Dong et al., 2025b). 
A complementary scaling analysis for a larger-scale domain is presented 

in the following subsection.

4.2. Downstream Han River (large-domain) case

Building on the city-scale analysis in Section 4.1, we assess a larger 
riverine domain to examine how scale and grid resolution affect both 
inundation patterns and multi-GPU performance.

4.2.1. Inundation patterns and hotspots
We evaluated the framework on the downstream Han River basin 

with a resolution of 20 m during a 500-year, 24 h event (Fig. 7). The 
simulation indicates the deepest water along the main stem and adjacent 
floodplains, reflecting fluvial control from the imposed river release, 
while inundation distant from the river is primarily influenced by 
pluvial accumulation from design rainfall and limited internal drainage. 
Ponding in interior areas corresponds with terrain convergence lines and 
local flow paths. The insets in Fig. 7 emphasise recurring controls: 
interior ponding over low-lying blocks in Dapsimni (Fig. 7b), backwater- 
enhanced storage near the Anyangcheon confluence in Mokdong 
(Fig. 7c), and a combination of confluence influence and accumulation 
over low-relief reclaimed ground in Jamsil (Fig. 7d). Depth gradients 
intensify along embanked margins and inner bends, consistent with 
compound forcing from external river levels and terrain-guided 
accumulation.

4.2.2. Runtime scaling on large-domain grids
We conducted independent 1 h benchmarks at resolutions of 10 m 

(23.86 million cells) and 20 m (5.97 million cells) under identical 500- 
year rainfall forcing conditions (Fig. 8; Fig. 9). Across both resolutions, 

Table 3 
Wall-clock runtime (s) for 1 h Portland simulations under 100-year rainfall at 1, 
2, and 4 m. Serial = 1 core; CPU-hybrid = N3M8omp6 (144 cores); GPU-hybrid 
results shown for 2/4/8 GPUs. Values correspond to Fig. 6.

Resolution No. grid Resources Runtime

1 m 9,009,045 No. CPU Serial (1 core) 42943.1
N3M8omp6 (144 core) 1424.4

No. GPU 2 137.5
4 105.3
8 114.9

2 m 2,252,235 No. CPU Serial (1 core) 9869.9
N3M8omp6 (144 core) 403.4

No. GPU 2 47.5
4 50.7
8 75.2

4 m 1,000,988 No. CPU Serial (1 core) 2620.4
N3M8omp6 (144 core) 152.2

No. GPU 2 23.4
4 45.2
8 78.3

Fig. 7. Maximum inundation depth in the downstream Han River basin for the 500-year, 24 h event. Insets (views 1–3) provide enlarged water depth maps for 
Dapsimni (b), Mokdong (c), and Jamsil (d) to clarify local patterns.
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the GPU-hybrid configuration demonstrated superior performance 
compared to the CPU-hybrid configuration. These results are not a direct 
hardware comparison between CPU and GPU platforms.

In the analysis of wall-clock runtime (Fig. 8), we executed inde
pendent 1 h runs at 10 m with 23.86 million cells and at 20 m with 5.97 
million cells under the same 500-year rainfall forcing (Fig. 8). At the 10 

m resolution, the serial baseline required 124,190.2 s; the CPU-hybrid 
reduced this to 3565.5 s using 144 cores, while the GPU-hybrid ach
ieved 318.4 s on 2 GPUs, 202.8 s on 4 GPUs, and 174.9 s on 8 GPUs. At 
the 20 m resolution, the serial baseline required 28,033.2 s; the CPU- 
hybrid reached 831.8 s with 144 cores, and the GPU-hybrid achieved 
94.7 s on 2 GPUs, 74.5 s on 4 GPUs, and 92.9 s on 8 GPUs. The optimal 

Fig. 8. Comparison of serial, CPU-hybrid, and GPU-hybrid runtimes for 1 h downstream Han River simulations forced by 500-year design rainfall at 10 m and 20 m 
resolutions.

Fig. 9. Speedup and efficiency for CPU-hybrid (a, c) and GPU-hybrid (b, d) runs in the downstream Han River basin with 10 and 20 m resolutions. GPU efficiency is 
defined relative to the 2-GPU configuration (normalised to 1) and represents scaling performance rather than absolute parallel efficiency.
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time-to-solution was thus observed at 8 GPUs for the 10 m resolution 
and at 4 GPUs for the 20 m resolution, indicating that the optimal 
number of devices is contingent upon the workload per GPU.

Regarding speedup and efficiency (Fig. 9), the 10 m case reveals that 
the CPU-hybrid speedup increased from 11.1 × at 24 cores to 34.8 × at 
144 cores, with efficiency declining from approximately 0.46 to 0.24. 
The GPU-hybrid attained a speedup of 390.0 × at 2 GPUs, 612.4 × at 4 
GPUs, and 710.1 × at 8 GPUs; efficiency decreased from 1.00 at 2 GPUs 
to 0.79 at 4 GPUs and 0.45 at 8 GPUs. In the 20 m case, the CPU-hybrid 
speedup increased from 10.4 × at 24 cores to 33.7 × at 144 cores, with 
efficiency declining from approximately 0.43 to 0.23. The GPU-hybrid 
achieved a speedup of 296.1 × at 2 GPUs, 376.4 × at 4 GPUs, and 
301.9 × at 8 GPUs; efficiency changed from 1.00 at 2 GPUs to 0.64 at 4 
GPUs and 0.26 at 8 GPUs. Collectively, these results suggest that effec
tive scaling is achieved when each GPU processes approximately 1 to 2.5 
million cells; when the workload per GPU decreases to below one 
million cells, the increasing proportion of halo exchanges and syn
chronisation offsets additional computation, consistent with the 
thresholds identified in Section 4.1.

Beyond the realm of urban flood modelling, GPUs are increasingly 
being integrated into various disciplines such as weather and ocean 
modelling. In the domain of weather prediction, the CUDA ports of the 
Weather Research and Forecasting (WRF) model's microphysics and an 
OpenACC port of the Model for Prediction Across Scales (MPAS) 
microphysics have demonstrated significant speed enhancements while 
maintaining verified accuracy (Mielikainen et al., 2013; Huang et al., 
2015; Kim et al., 2021). In ocean modelling, both full GPU imple
mentations and directive-based approaches have shown comparable 
performance improvements, as evidenced by POM.gpu and a recent 
OpenACC implementation of the Princeton Ocean Model (POM), as well 
as large-scale GPU deployments of the LASG/IAP Climate System Ocean 
Model (LICOM3) utilising HIP and performance-portable Kokkos 
(Huang et al., 2015; Wang et al., 2021, 2025). Efforts on the Nucleus for 
European Modelling of the Ocean (NEMO) also target GPUs through 
OpenACC and PSyclone code transformation, with recent practices 
emphasising unified memory workflows (Porter and Heimbach, 2025). 
Collectively, these cross-domain findings underscore the critical 
importance of aligning workload with device count and managing 
communication costs, suggesting that the cells per GPU guidance from 
this study is likely applicable beyond urban inundation scenarios.

5. Conclusions

This study presented a portable, directive-based multi-GPU imple
mentation of the H12 2D urban flood model using MPI-OpenACC and 
evaluated it across a metre-resolution city case and a large-domain basin 
case. A single code base supports CPU-only and GPU-accelerated 
execution through compile-time options. The main findings are as 
follows: 

• The model reproduced identical inundation fields between CPU- 
hybrid and GPU-hybrid runs for the Portland basin, confirming nu
merical consistency while delivering large runtime reductions.

• In the Portland application the GPU hybrid achieved about 408 × at 
1 m, about 208 × at 2 m and about 112 × at 4 m relative to the serial 
baseline and remained faster than the CPU hybrid at all resolutions.

• In the downstream Han River basin the fastest runtime occurred with 
8 GPUs at 10 m, giving about 710 × over the serial baseline; at 20 m 
the optimum shifted to 4 GPUs (about 376 × ), confirming that the 
best device count depends on mesh size and that cells-per-GPU 
matching is critical, with solution consistency preserved across 
CPU and GPU runs.

• Resolution scaling revealed a clear relationship between grid size 
and the optimal number of GPUs; for this model and hardware, good 
scaling occurs when each GPU carries between 1 and 2.5 million 
surface cells.

Together, these findings show that a directive-based multi-GPU 
design delivers order-of-magnitude runtime reductions without loss of 
fidelity and yields a practical provisioning guideline: maintain 1-2.5 
million active surface cells per GPU (with diminishing returns below 
0.6 million). With this foundation, the dominant remaining bottlenecks 
are interconnect latency and host-device transfers, which motivate the 
following directions. Future research could evaluate deployment on 
clusters with multi-node NVLink, including NVL72-class systems, to 
reduce halo-exchange latency and extend strong scaling for large do
mains (NVIDIA, 2025a, 2025b). Another avenue involves maintaining 
halo buffers and model state fully resident on the device across time 
steps using OpenACC data regions with the present clause. This 
approach could further reduce unified memory page migration associ
ated with host-side halo exchange, increase overlap between commu
nication and computation, and lower runtime without affecting solution 
fidelity (OpenACC, 2023; NVIDIA, 2025c). The accelerated framework 
could also be extended from 2D surface flow to coupled 1D–2D simu
lations so that river channels and urban drainage networks are repre
sented alongside overland flow.
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